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Artificial intelligence as a field was started when Alan
Turing first described machines that could imitate humans
and show intelligent behaviour [1]. Since then, artificial
intelligence has grown into several sub-fields, one of them
being machine learning, where a computer is trained to
reproduce some output, mimicking a human. Even though
big improvements have been seen in this field, some simple
results show it is still challenging (Figure 1).

Throughout the 1970s, what we think of as modern
machine learning began to be developed, with algorithms
classifying data into several groups and the beginnings of
simple neural networks 1. For many years, machine learning
was concerned with complicated feature 2 extraction
techniques and, frankly, was not very good at tasks humans
find trivial, for example saying whether there is a dog in an
image. The results were a series of hypes, followed by
disappointment and criticism, leading to the ‘AI winter’ [2],
where research funding was drastically reduced and
stopped substantial developments. This all changed in
2012, when a new paradigm emerged, known as deep
learning [3].

In contrast to earlier attempts, deep learning neural
networks include many ‘layers’ and need huge volumes of
data to learn what features are most useful automatically.
The most widely applied deep learning technique for im-
aging data is the convolutional neural network (CNN) 3,
which requires very powerful computing hardware. Deep
learning is now possible, and topical; because for the first
time we have access to both large amounts of image data
and powerful specialised computing hardware.

Due to the reliance on large datasets and automatic
feature extraction, deep learning can be seen as a ‘black
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box’. And as in any black box system, it is difficult to
determine how the system works and follow the process
taken to reach a conclusion. Interpretability matters, espe-
cially in healthcare, where a patient’s care can be directly
affected by these decisions. For example, if we were to use a
machine learning model to diagnose patients with malig-
nancy based on a medical image, we would need to un-
derstand how that conclusion is reached and how confident
we are in that conclusion, in order to decide whether we
deliver treatment without another form of verification.

The main applications in clinical oncology are summar-
ised in Figure 2. The use of all of these applications requires
some awareness of the process of deep learning and some
method of quality assurance. As CNNs progressively become
more abstract and complex, this need to interpret models
and provide some ‘quality assurance’ to the output of CNNs
becomes greater.
Looking Inside the Black Box: How CanWe,
as Users, Test Machine Learning Models?

An excellent comparison of interpretability can be made
between two recent papers carrying out similar classifica-
tions of optical coherence tomography images of the retina.
In this task, a machine learning model decides what disease
is likely to be present in each image. In the paper by Ker-
many et al. [4], a classification was made directly from an
optical coherence tomography image; we have no indica-
tion why that decision was made without extra post-
processing. In contrast, in the paper by de Fauw et al. [5],
a two-step process was used; first, the image was
segmented, then the segmentation was classified. Even
though the two-step process is slightly slower, the benefit is
that the output of the first step can be visually checked,
which may help diagnose wrong conclusions resulting from
the second step. Neither approach is more correct, but the
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Fig 1. Challenges of teaching a computer to mimic a human e how to define the difference between a chihuahua and a blueberry muffin.
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two-step process is more interpretable. When using ma-
chine learning in a clinical setting, it is unlikely practitioners
will have much influence over the design of the tool.
However, we should be requesting information on inter-
pretability when buying machine learning-based software
and quality assuring the black box in ways that do not
require direct access to the underlying model. We review
two examples in the following.
Occlusion Mapping

Classification is the problem of identifying to which class
a given image belongs.When a CNN classifies a given image,
it considers information in small chunks of the image. This
information is used to extract features, which are fed into a
neural network to make a classification. Obviously, some
regions of the image may imply different classes, for
example wheels in an image could be on a car or a bicycle,
but if handlebars are also present it is more likely to be a
bicycle. To look at which regions of an image provided ev-
idence for a given classification, we can use a technique
called occlusion mapping. Occlusion mapping works by
blocking small sections of the input image, running the
model on this partially ‘occluded’ image and keeping track
of the impact in the model’s result. For example, to identify
radiation pneumonitis, we can block out a part of the lungs,
re-run the model and see whether the classification
changes or remains the same. By doing this repeatedly, we
can identify the area driving the classification. Occlusion
mapping can be carried out completely independently of
the underlying machine learning model e you just need a
way to block out some of the image and run the model
several times. In this way, independent quality assurance of
a ‘black box’ classification model can be carried out without
input from the vendor.
Dropout

Image segmentation is the problem of identifying the
regions on the images containing certain objects, for
example organs in a computed tomography scan. In medical
images, the input is an image of a patient and the output is a
series of masks covering anatomy of interest. As such, ma-
chine learning segmentation is already quite interpretable or
at least easy to quality check e if the segmentation looks
nothing like what a human/radiotherapy professional would
draw, it is probably wrong. It is tempting to trust machine
learning segmentation completelyemany studies have been
carried out to quantify the variation in segmentations be-
tween different human observers (known as inter-observer
variability studies); surely a machine that is completely
deterministic must be more trustworthy? Indeed, machine
learning segmentations aremore consistent, but they are still
susceptible to uncertainty as they are trained on manually
annotated data. This can be seen, for example, in thework by
Kampffmeyer et al. [6], inwhich ameasure of the uncertainty
in a segmentationmodel is produced. To get this uncertainty,
a technique called dropout is used inwhich different parts of
the model (that identify different features in the image) are
cut off at random and themodel is re-run. This practically has
the effect of giving a different segmentation each time, using
a different subset of the model e similar to having multiple
observers. In a robust model, this technique should not
significantly affect the output. Unfortunately, in contrast to
occlusion mapping, this type of testing requires access to the
underlying model and will not be available for practitioners



Fig 2. Examples of machine learning applied to images in clinical oncology. Example images sourced from open datasets [14,15]. Further reading
[16e19].
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using commercial products, as the model is owned by the
vendor. This is, in our view, unacceptable, as a simple and
effective means of uncertainty estimation exists: buyers
should demand uncertainty quantification from vendors.
Further Potential Applications in Clinical
Oncology: Image Generation

In addition to the use of classification in diagnostic
radiology and automatic segmentation in radiotherapy
planning, machine learning for image generation is also of
particular interest to clinical oncology. Image generation is
the problem of deriving an image based on a given input.
The two areas of particular interest in clinical oncology are
described below.

Fast Imaging

Machine learning may soon help to acquire and recon-
struct images faster in order to get more information in
less time. For example, for some magnetic resonance se-
quences, it can take over an hour for the final image to be
ready, and it has been shown that by using machine
learning techniques, this time can be reduced to less than 1
s without compromising image quality [7]. This relies on
having access to the imaging raw data. Most images used
in routine practice are not acquired in the form they are
ultimately used. For example, computed tomography is
acquired as a series of projections, whereas magnetic
resonance is acquired as a path in k-space 4: both types of
‘raw data’ are later reconstructed as three-dimensional
images. Recently, work has begun to train machine
learning models to work on the captured raw data and
rapidly produce an ‘estimated’ volumetric image, bypass-
ing conventional image reconstruction techniques [8,9].
These models promise faster imaging by reducing the
amount of information required to be acquired to produce
good images. Machine learning reconstruction model
research is still in its infancy, and we are not aware of any
attempts to introduce interpretability or quality assurance
to these models.
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Synthetic Images

Machine learning can be used to create one image from
another. A recent area of growth in machine learning is the
use of special CNNs to transfer the ‘style’ or appearance [10]
from one image to another, for example taking a photo-
graph and making it look like a van Gogh painting. This is
done primarily through the use of generative adversarial
networks (GANs) [11]. GANs work with a first network
(‘generator’), which tries to trick a second network
(‘discriminator’); this is an iterative process that continues
until the generator is trained successfully. Successful
training is achieved when the discriminator is not able to
tell the difference between photograph-generated ‘van
Gogh’ images and ‘real’ van Gogh-style images.

GANs are used in the context of medical imaging to
generate synthetic images of one modality from another.
One potentially exciting use for this is the generation of
synthetic computed tomography from magnetic resonance
images [12], allowing for magnetic resonance imaging-only
radiotherapy. Given that these techniques can be trained to
generate synthetic images of any modality, it may even be
possible to derive one magnetic resonance sequence from
another, although to our knowledge this has yet to be
demonstrated.

Beware that synthetic medical images generated by
machine learning should be treated with extreme caution.
The GAN construct is not designed to create a physically
meaningful mapping from one modality to another, only to
be good enough to trick a discriminator into believing the
image is ‘of the same style’. As such, they will have no
trouble inventing anatomy, or ignoring it entirely, leading to
unreliable images. GANs are notoriously difficult to train
and at present are uninterpretable.
Pathway to Clinic

Oncology represents a unique challenge for machine
learning. As discussed, machine learning relies on large
databases of data, allowing the computer to reach a
conclusion using that background data. When looking at
databases of ‘normal’ images, it is relatively easy to pick out
the ‘abnormal’. However, in oncology, we have innumerable
versions of what cancers look like; as no one cancer is
unique. Cancers are all different sizes, shapes, at different
sites, with different densities and borders. These variations
will never be fully represented in the training dataset.

In all types of machine learning there is the assumption
that we have a suitable ground truth e an incontestable,
true answer. In reality, this is almost never the case. The
most egregious example in clinical oncology is that of seg-
mentation. Inter-observer variation studies have repeatedly
shown that no two clinicians will perfectly agree on where
organ or tumour boundaries lie. Whenwe build our dataset
to train a model by collecting routine clinical examples (the
most common approach), we are implicitly teaching the
model that the boundaries of organs/tumours are poorly
defined and should not be surprised when the resulting
model sometimes produces contours we do not immedi-
ately agree with. Despite this, machine learning techniques
will continue to develop, because machine learning on
medical data presents potential solutions that will benefit
the community as a whole.

Some technologies are closer to clinical use than others.
Image segmentation is commercially available now, and can
greatly reduce the time required to segment organs at risk
during planning; caution is required in its use for tumour
segmentation however, where there is still considerable
room for interpretation by clinicians. To date, we are not
aware of any commercial image segmentation tool that can
provide an estimate of segmentation uncertainty e this is
something manufacturers should include in the future.

Image generation techniques will begin to play a role in
clinic soon, with synthetic computed tomography from
magnetic resonance probably being the first application.
When compared with the current standard for generating
computed tomography-like images from magnetic reso-
nance (i.e. density overrides based on segmentations), these
may represent a significant improvement in dose calcula-
tion accuracy, provided the generated image can be prop-
erly checked and trusted. In theory, fast reconstruction is a
better posed problem (we already know what the mapping
from one space to the other should be) and therefore should
be a more straightforward task. However, there remains the
issue of how the algorithm will deal with abnormal tissue
and whether it will produce a faithful reconstruction of the
image.

Classification techniques are most useful early in the
patient pathway, for example to diagnose disease. Classifi-
cation is the easiest machine learning technique to quality
assure, with several straightforward techniques available.
There is enormous potential for classification to contribute
to diagnostic radiology, particularly in view of the shortage
of radiologists. For example, there are already ongoing trials
in the use of machine learning to review screening mam-
mograms to assess the safety of this technique, with a view
to use in the clinic thereafter.

The pathway to clinic must include some consideration
of the utility, time saving and cost-effectiveness of any
introduced machine learning tool. While this discussion is
beyond the scope of our editorial, we would encourage a
review article on the subject, pulling together a multidis-
ciplinary team with a strong focus on health economics.
Such a multidisciplinary teamwill be key to elucidating the
benefits of machine learning in the clinic, and where more
work needs to be done. In the meantime, a technical over-
view of the implementation of machine learning in the
clinic has been published, as a result of the 2019 ESTRO
physics workshop on the subject [13]. Although this is pri-
marily aimed at a physics audience, it discusses many of the
potential problems faced during the commissioning of
machine learning systems in clinic.

Given the unstoppable march of machine learning to-
wards the clinic, now is the time to train clinicians to have a
healthy scepticism of machine learning promises and to
demand interpretability from vendors. These will be
invaluable in the future as machine learning becomes more
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involved in clinical work. Any tool intended for clinical use
should be able to justify the influence it has on treatment
and artificial intelligence tools should be no different. As
users and developers of artificial intelligence we should
demand and champion model interpretability as a basic
requirement for clinical use.
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Notes

1. A neural network is a series of algorithms that tries to
recognise underlying relationships in a set of data
through a process that mimics the way the human
brain operates. It is one of the most common algo-
rithms used in today’s artificial intelligence.

2. Feature as in a distinctive attribute or aspect of
something. For example, if a picture presents the face
of a cat, it will probably show two pointy ears, two
eyes, a triangular nose and some whiskers. These
features can be extracted from images using image
processing techniques.

3. Convolutional neural networks are neural networks
that apply image processing techniques (convolu-
tions) to images to find and extract features.

4. k-space is an array of numbers representing spatial
frequencies in the magnetic resonance image. It is
intuitively compared with an image of a ‘galaxy’,
where each ‘star’ in k-space is just a data point
derived directly from the magnetic resonance signal.
The brightness of each star represents the relative
contribution of that star’s unique information to the
final image.
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